The study of genomic regions that contain gene copies and structural variation is a major challenge in modern genomics. Unlike variation involving single nucleotide changes, data on the variation of copy number is difficult to collect and few tools exist for analyzing the variation between individuals. The immunoglobulin heavy variable (IGHV) locus, which plays an integral role in the adaptive immune response, is an example of a genomic region that is known to vary in gene copy number. Lack of standard methods to genotype this region prevents it from being included in association studies and is holding back the growing field of antibody repertoire analysis. Here, we establish a convention of representing the locus in terms of a reference panel of operationally distinguishable segments defined by hierarchical clustering. Using this reference set, we develop a pipeline that identifies copy number and allelic variation in the IGHV locus from whole-genome sequencing reads. Tests on simulated reads demonstrate that our approach is feasible and accurate for detecting the presence and absence of gene segments using reads as short as 70 bp. With reads 100 bp and longer, coverage depth can also be used to determine copy number. When applied to a family of European ancestry, our method finds new copy number variants and confirms existing variants. This study paves the way for analyzing population-level patterns of variation in the IGHV locus in larger diverse datasets and for quantitatively handling regions of copy number variation in other structurally varying and complex loci.
Introduction
The variation between human genomes in gene copy number is understudied and poorly characterized. One such region where this variation is known to exist is the immunoglobulin heavy variable (IGHV) locus. It is a vital component of the adaptive immune system, containing the V genes that code for the heavy chain of antibody molecules. Like other multigene receptor families, the gene segments in this region have accumulated over time through a process of gene duplication and diversification [1] [2] [3] . As such, IGHV haplotypes (instances of the IGHV locus) vary not only by single nucleotide polymorphisms, but also in the copy number and ordering of gene segments [4] . However, due to the difficulties of sequencing such complex hypervariable regions, only two full sequences of the locus exist [4, 5] Immunogenetics Information System (IMGT) Repertoire database [6] . The standard nomenclature for IGHV genes is detailed in Materials and Methods.
Given the role of the IGHV locus in the adaptive immune response, IGHV haplotypes are obvious candidates as genetic determinants for susceptibility to infectious disease. Yet due to the lack of a standard format and tools to quantitatively characterize variation in the region, they are not included in association studies. Lack of tools for genotyping the IGHV locus also hampers the burgeoning field of antibody repertoire sequencing [7] [8] [9] [10] [11] , which is being used in numerous medical applications, including inferring the evolutionary path of broad and potent monoclonal antibodies against human immunodeficiency virus (HIV) [12] [13] [14] , detecting blood cancers [15, 16] , assessing the impact of aging on the antibody response [17] , and measuring the adaptive immune response to vaccination [18, 19] . The first step in many of these studies is to align antibody sequencing reads, collected in different individuals, to their germline gene. The current practice is to use germline alleles in a public database of all known alleles (such as the IMGT Repertoire database) for alignment. This is a severe limitation of the process because private IGHV germline configurations can vary substantially between individuals.
Here, we use a high-throughput pipeline to investigate the variation between individuals in the IGHV locus. The pipeline takes reads from whole-genome sequencing (WGS) datasets as input and leverages the IMGT database of known existing alleles. The pipeline performs well on simulated reads from the two known haplotypes (GRCh37 and GRCh38) of this locus. It accurately detects the presence of gene segments from reads as short as 70 bp. With sufficiently long read lengths (250 bp), it also outputs accurate nucleotide sequences of gene segments present in single copy. When we applied the pipeline to genotype the IGHV locus in a sixteen member family, we found evidence of new haplotypes that are mosaics of the existing reference haplotypes and haplotypes that might be transitional between them. We saw examples where offspring inherit structurally different haplotypes from each parent, and where high copy number variation exists within the family. We also identified a putative new allele.
Results

Hierarchical clustering to define operational segments
Standard haplotype representations such as single nucleotide polymorphisms and variant call formats are not suitable for genomic regions like the IGHV locus which differ between individuals by insertions and deletions of genes. Given that the functional gene segments of the IGHV locus comprise just 1% of the locus, our approach is to genotype the locus by the copy number and nucleotide sequence of a reference set of functional gene segments. [5] (which is the GRCh37 haplotype). Circles highlight alleles that are evolutionarily very close. Tree made using neighbor-joining method in ape package in R based on Hamming distance between multiple sequence alignment. (Phylogenetic reconstruction using BEAST [20] led to a qualitatively similar tree). Allele numbers are suppressed for clarity. (B) Distribution of percent nucleotide difference (Hamming distance divided by alignment length) between alleles from same segment (blue) compared against alleles from different segments (green). Alleles from duplicate segments (e.g. 1-69 and 1-69D) have been merged for this analysis. Defining such a reference set using current IGHV gene nomenclature is problematic, however. IGHV genes that have distinct names can be similar in their nucleotide sequences (Fig. 1A) . For example, segments 3-30 and 3-33 in the GRCh37 haplotype should be considered duplicates of the same segment because they differ in only 4 nucleotides (1.4% sequence difference). Indeed, given that some segments have alleles that differ by 5%, determining whether a nucleotide sequence is an allele of segment 3-30 or segment 3-33 is difficult. Across all full-length functional IMGT alleles, there is a significant overlap in the nucleotide differences between alleles with the same segment name and alleles with distinct segment names (Fig. 1B) .
In order to group alleles according to their sequence similarity, we used hierarchical clustering (Materials and Methods) to identify operationally distinguishable segments. This clustering (Fig. 1C) reduces the overlap compared to clustering by group name alone (Fig. 1B) . In family 1, the clusters correspond to segment name, as long as duplicate segments such as 1-69D and 1-69 are merged (Fig. 1D) . In family 3, five segments that have distinct names -namely, 3-30, 3-30-3, 3-33, 3-53, and 3-66 -form two clusters {3-30, 3-30-3, 3-33} and {3-53, 3-66} (Fig. 1E) . The three segments in family 2 and the two segments in family 5 cluster by segment name (S1 Fig, S2 Fig) . With the caveat that family 4 are more speculative, Table 1 summarizes the operational gene segment clusters defined by hierarchical clustering. Only segments for which the alleles differ from the current IMGT nomenclature are listed. For the remainder of this article, unless stated otherwise, we will use the segment names as they are defined in Table 1 . Figure 2 . Schematic of genotyping pipeline. 1. WGS reads (short thin black horizontal lines) that map to the IGHV locus of a single individual are extracted from full set of reads. 2. These extracted reads are mapped to known functional IGHV gene segment alleles (thick blue horizontal lines) curated from the IMGT data. 3. Mapped reads are pooled according to the operational segments described in the Results section. At this stage, extra filtering, for example using mate-pair data, can also be applied. 4. Local assembly is performed on reads to produce contigs (long thin black horizontal lines) corresponding to each operational segment. 5. The resulting contigs are identified using stand-alone IgBLAST [21] . The final output contains, for each individual and each assembled contig: the closest-matching existing allele, the length of match, the number of nucleotide mutations or indels that separate the contig from the closest-matching allele, the read coverage of the contig as reported by SPAdes, and the nucleotide sequence of the contig. 
Pipeline performance on simulated reads
The operational gene segments (Table 1) form the basis of our data pipeline ( Fig. 2 ) that takes whole-genome sequencing reads from an individual and outputs the IGHV genotype (Materials and Methods). We ran the pipeline on simulated reads from the two complete IGHV haplotype sequences (Materials and Methods). At the coarsest scale, we ask whether the pipeline correctly identifies the presence or absence of each operational segment. We found the pipeline to be highly accurate, with precision of 100% for all coverage depth (30×, 40×, 50×) and read length (70 bp, 100 bp, 250 bp) combinations and recall of 100% for all but two of the coverage depth/read length combinations (Fig. 3A) .
At the next level of resolution, we ask whether the pipeline can correctly determine the copy number of each operational segment. We use the read coverage depth of the assembled contig as a proxy for copy number. Fig. 3B shows that contig coverage depth is indeed correlated with copy number, though some segments which are present in single copy have high coverage depth. This is because pseudogenes in the IGHV locus, which are not included in our reference set, may share common subsequences with functional genes. Reads from pseudogenes can therefore be erroneously mapped, artificially inflating the contig coverage depth. This is particularly an issue with 70 bp length reads as these reads are more likely to completely fall within a conserved region. This problem can be partly alleviated with paired-end reads, a strategy we use on the empirical dataset in the next section.
At the highest level of resolution, we compare the assembled contig obtained from the pipeline to the known nucleotide sequence for each segment. When a segment is only present in single copy in the locus, and if the read lengths are 250 bp, the recall of the segment nucleotide sequence is 100% in all but one of the simulated datasets (Fig. 3C) . With shorter reads, the accuracy of correctly calling alleles is lower. As with copy number determination, this lower accuracy is likely due to erroneously mapped reads from pseudogenes that interfere with the assembly algorithm. For the same reason, when a segment is present in more than one copy and as different alleles, the allele calls are also less accurate. Note that higher coverage depth does not necessarily improve accuracy because the error arises not from sequencing error, which occurs in random locations and can be mitigated with higher coverage depth, but from erroneously mapped reads, which are systematically incorrect regardless of coverage.
Genotyping the Platinum Genomes dataset
We next applied the pipeline to the publicly available Platinum Genomes dataset [22] , a set of whole-genome sequencing reads of length 100 bp at roughly 30× depth from a family of 16 (four grandparents, a mother, a father, and ten children, all of European ancestry). Because these reads are paired, we applied an additional filtering step (Materials and Methods) to discard reads that are potentially from pseudogenes in order to improve our allele calls and decrease the false discovery of duplicated genes.
A summary of copy number and allelic variation in IGHV segment types in this dataset is shown in Fig. 4 (S1 Table lists all raw coverage depth values from the dataset). For all the results that follow, the raw coverage depth of each segment has been scaled by the coverage depth of segment 3-74 in the same individual to eliminate variation due to differences in read coverage between individuals. Specifically we assume that 3-74 has two copies, one on each chromosome, and divide the coverage depth of all other segments by half of the coverage depth of 3-74. A normalized coverage depth of 1 therefore corresponds to a single copy on one, but not both, of the chromosomes. Note that the coverage depth tends to decrease towards the 6-1 end of the locus, an issue we will return to in the Discussion.
General patterns of variation
Variation exists in copy number within segments and between segments. Thirteen out of the forty-two segments (about 30%) found in the family are each represented by the same single allele in all sixteen members of the family. This strongly suggests that these segments are homozygous in the four unrelated grandparents. Genotyping of a larger sample will ascertain whether this set of common Figure 4 . Dotplots of coverage calls for each segment type for Platinum Genomes data. The Y axis is the normalized coverage, i.e. the coverage depth divided by half of the coverage depth of segment type 3-74 (assumed to have two copies). Segment types are ordered, where possible, according to their location in the genome, from 6-1 (centromeric end) to 3-74 (telomeric end). The number in parentheses above each segment type is the number of unique allele sequences found in the family. If only one allele was found, its name is given (in the case where a segment has only one known allele in the IMGT database, the allele name is in red). Shaded columns indicate segment types that likely have more than one copy per chromosome. Note that the outliers for segment types 6-1, 1-2, and 1-3 all correspond to individual NA12891, which had relatively uniform coverage over all segments, unlike other individuals (Fig. 7, S5 Fig) . They do not indicate higher copy number. Horizontal jitter has been applied to all points to better illustrate the distribution.
alleles is shared for all individuals of European ancestry or is a by-product of our sample being for a small pedigree. In either case, our pipeline and approach begins to address the question of whether a subpopulation can be uniquely identified by a common set of IGHV alleles.
Multigene copy number variants
We next looked for the presence in family members of two multigene copy number variants that differ between the GRCh37 and GRCh38 reference haplotypes (Fig. 5) . Using knowledge of the family pedigree, we are able to reconstruct the diploid genotype for these variants.
In the case of alternative haplotypes 1-8/3-9 (GRCh37) and 3-64D/5-10-1 (GRCh38), our coverage depth values show that maternal grandparent NA12891 carries both configurations, one on each chromosome. In contrast, the 1-8/3-9 type is entirely absent from the paternal side of the family (Fig. 5A) . We manually checked our pipeline output to verify that the copy number calls in the children are consistent with the pedigree. Indeed, both NA12881 and NA12888 which appear to be missing the 3-9 segment, generated reads that mapped to a full-length 3-9*01 allele. This is consistent with NA12881 carrying the GRCh37, but not GRCh38, configuration and NA12888 carrying both the GRCh37 and GRCh38 configurations. (Our automated pipeline did not call the 3-9 segment because the coverage of that segment was too low for the assembler to run). We also verified that NA12890 and NA12886 do not carry the 5-10-1 segment, suggesting a new haplotype, transitional between GRCh37 and GRCh38, which contains a single 3-64 segment without either the 1-8/3-9 or 3-64D/5-10-1 gene combinations. Further, these two individuals appear to be homozygous for this new haplotype, suggesting that the haplotype is common.
For another multigene copy number variant, the 2-70D/1-69-2/1-69D insertion (on GRCh38 but not on GRCh37), grandparents NA12889 and NA12891 carry the insertion on one chromosome and not on the other 
High copy number variation in the 3-30 segment
Among all the segments, 3-30 exhibited the most variation in coverage depth (Fig. 4) . Using pedigree information as a constraint, we reconstructed the diploid configuration of copy number for segment in each member of the family (Fig. 6) . Its abundance ranges from zero to four copies on a chromosome.
Copy number variation has previously been demonstrated in this region from direct sequencing of the IGHV locus [4] . What is perhaps unexpected from this new analysis is that such high copy number variation can exist in such a small sample; indeed, even between the two chromosomes within the same individual.
New 7-4-1 allele
Given the breadth of the IMGT database, we expected to find IMGT alleles amongst allele calls for all the segments in the Platinum Genomes database. This was not the case for segment 7-4-1. The assembled alleles 
Discussion
With the approach introduced here, we can begin to quantify inter-individual variation in the IGHV locus.
Given the small sample size of the Platinum Genomes data, we have focused on quantifying variation in genes known to vary in copy number. As larger whole-genome sequencing datasets become available, it will be possible to compare IGHV copy number haplotypes at the population scale. Machine learning techniques could then be applied to these haplotypes to find correlations between multiple gene segments and discover new copy number variants. Basic open questions such as whether there is a minimal number of IGHV gene segments required for a healthy immune system and whether there is a common core set of IGHV genes that are shared by all individuals can begin to be addressed.
Our study makes clear that read depth information can be used to accurately determine the presence and absence of gene segments. However, complications remain for ascertaining copy number and allelic content to high accuracy. The first complication arises from the cell type on which whole-genome sequencing is commonly performed. The Platinum Genomes data were generated from immortalized B lymphocytes. The IGHV locus in these cell types have undergone VDJ recombination. This rearrangement, which truncates the IGHV locus, confounds the correlation between read coverage depth and copy number of a gene segment.
We can see this from the pipeline output, where coverage depth tends to decrease towards the centromeric (6-1 segment) end of the locus. The extent of this decrease can be quite marked, for example in the case of NA12877, or not noticeable at all, for example in NA12891 ( Fig. 7A ; the distribution of read coverage depth of all the individuals is summarized in S5 Fig) . If one knew the number of B cell lineages used to prepare the library and the fraction of haplotypes that underwent rearrangement, it is possible to adjust the raw coverage values to reflect actual coverage values (S1 Appendix). However, in the case of the Platinum Genomes data, this information is unavailable. As whole-genome sequencing becomes more widespread, we anticipate that datasets from other cell types will become available and this issue will be resolved.
The second complication is that the majority of whole-genome sequence reads are generated from diploid cells. Because the majority of segments are on both chromosomes and are of different alleles, the single allele call generated by our pipeline may be composed of sequence from all the alleles present or represent just one of the alleles. Fig. 7B shows that allele calls can hide the heterozygous state of an individual. S7
Fig gives further examples of segments which are present as two alleles in the family and for which the allele calls are misleading. This problem could be addressed with an assembler customized to identify allelic variants of short genomic regions (popular assemblers are currently designed for whole-genome assembly).
There has been some success in identifying unique alleles using an alternative data type: antibody repertoire sequencing data [23, 24] . However, such studies cannot directly quantify the copy number of a gene because read abundance in these studies are not correlated with germline gene abundance. Furthermore, the V gene segment is truncated during the genomic rearrangement for producing the antibody coding sequence, so that full-length alleles may not always be obtained from antibody repertoire sequencing data.
We note that there are many existing methods for estimating copy number based on coverage depth using whole-genome sequencing [25] [26] [27] [28] [29] . These methods, however, do not utilize the IMGT database of IGHV alleles or specifically target the IGHV locus, a region with a higher amount of repetitions and duplications than most of the genome. They therefore may be prone to biases introduced by targeting the entire genome, which has loci of varying characteristics, rather than targeting a particular region. Additionally, some existing methods [30] intended for whole exome sequencing may be further biased when introduced to data from whole-genome sequencing. Allele calls color-coded by allele and arranged by family tree. For 3-73, at least one of the parents must be heterozygous. For 4-34, the singleton allele in one child indicates that one parent and its parent is heterozygous or that the allele call is incorrect (4-34*01 1 is a variant that is not in the IMGT database and is one nucleotide mutation away from the 4-34*01 allele).
True determination of IGHV haplotypes must ultimately come from sequencing the 1 Mb region in its entirety and in multiple individuals. However, the technology to accurately sequence structurally varying regions remains expensive and low-throughput. We can instead take advantage of the increasing availability of whole-genome sequencing datasets and the extensive IMGT database to genotype this locus in a highthroughput manner. Indeed, not only have we found new haplotypes that are mosaics of reference genome configurations or that are transitional between them with this strategy. The existence of these haplotypes also indicates that our approach of representing the locus in terms of the copy number of a reference set of segments is better suited to cataloging variation in this locus than full sequences of the IGHV locus with annotated breakpoints.
The fundamental strategy applied here is not specific to the IGHV locus. Reads from whole-genome sequencing datasets can similarly be used to characterize other gene families and in other species, where the genes are of comparable length and similar level of diversity. Some examples include T cell receptor genes and olfactory receptor genes. The analysis of whole-genome sequencing data thus need not be restricted to single nucleotide variants, but can also be used to study regions exhibiting copy number variation.
Materials and Methods
The standard naming convention of IGHV genes 
Hierarchical clustering
Nucleotide sequences for IGHV gene alleles were downloaded from the IMGT database [31] . Only full-length functional alleles were used for clustering. Multiple sequence alignment was performed on each family of alleles using Fast Statistical Alignment with default parameterization (FSA, [32] ). The aligned alleles were then clustered using the hclust function in R (method parameter set to "single", although using the "complete" method gives the same result for all families with the exception of family 4). For all the IGHV families except family 4, operational segments were determined using distance matrices calculated from Hamming distance based on FSA alignment, with gap differences treated in the same way as mutations. Visual inspection of the alignment of family 4 suggested that indels may be important in partitioning the alleles. Hence, a combination of an evolutionary distance "TN93" (based on [33] ) and indel distance (number of sites where there is an indel gap in one sequence and not the other) was used to determine the operational segments for family 4. R scripts are included as a supplementary file (S1 File).
Genotyping pipeline
Our scripts and example datasets are available at: https://github.com/jyu429/IGHV-genotyping. We assume the WGS data is in bam or sam format [34] , with reads already filtered to come from the IGHV locus.
For WGS reads aligned to GRCh37, this is chr14: 105,900,000-107,300,000. For reads aligned to GRCh38, this is chr14:105,700,000-106,900,000 (coordinates extend beyond the IGHV locus to be conservative). Bowtie2 [35] is used to map these reads to all functional, full-length IMGT alleles (the same set used for hierarchical clustering [36] is run on the pooled reads for each operational segment. The assembled contigs are compared with the IMGT database using stand-alone
IgBLAST [21] to determine the closest matching allele, the length of match, and the number of nucleotide mutations or indels that separate the contig from the closest-matching allele. The read coverage depth of the contig as reported by SPAdes is also recorded for further analysis.
Simulated reads
To test the capabilities and quality of our methods, ART [37] was used to generate simulated Illumina reads from GRCh37 and GRCh38 of lengths 70, 100, and 250 bp, each at coverage depths of 30×, 40×, and 50×.
Error profiles of simulated reads and adjustments to default ART parameters are illustrated in S9 
Filtering using mate-pair information
For the Platinum Genomes data, which comprises paired-end reads, we apply an additional filtering step to remove reads from pseudogenes that share a common subsequence with a functional gene. One way to disambiguate a read of a functional gene from one of a pseudogene is to compare the genomic position that its mate maps to. If the mate read maps to a region that is substantially farther from the region the first read maps to (we use a threshold of 1000 bp to be conservative) then there is a chance it comes from a pseudogene and the original read is discarded. Note that as a tradeoff, this filtering step will in some cases also incorrectly discard reads from duplicates that are located in a different region of the genome. For segments where the starting position relative to the genome is undetermined, no filtering occurs. In the case of the Platinum Genomes data, which is aligned to GRCH37, this means that filtering is not applied to reads from segments 7-4-1, 5-10-1, 4-38-2, 4-30-2, and 1-69-2.
Extra filtering step for novel 7-4-1 allele detection
Alleles of 7-4-1 have high nucleotide similarity to subsequences of pseudogenes 7-81, 7-40, and 7-34-1. The mate-pair filtering step above does not apply to 7-4-1 because the Platinum Genomes reads are aligned to GRCh37, which does not contain 7-4-1. To filter out reads from these pseudogenes for 7-4-1, we ran stand-alone IgBLAST on reads mapped to segment 7-4-1. The reads that had the highest match to a pseudogene were removed. The remaining reads were then used as input for SPAdes de novo assembler.
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